Forest and woodland cover and change were calculated for the Zanzibar-Inhambane biogeographical region of Tanzania and Kenya from ~1990 to ~2000. A cover and change map was derived from high-resolution satellite imagery from Landsat and supplemental data from aerial overflights, field surveys, and local knowledge. Analyses showed that around 6820 km 2 of coastal forest habitat remained in ~2000 (2260 km 2 in Kenya and 4560 km 2 in Tanzania). In terms of change, a total of 424 km 2 (6%) of forest was cleared between ~1990 and ~2000; 53 km 2 in Kenya and 371 km 2 in Tanzania. Rates of forest loss were 8 times higher in unprotected areas than in protected sites such as Forest Reserves and National Parks. Key Biodiversity Areas had forest loss rates 2.5 times faster than protected areas while Alliance for Zero Extinction sites had the slowest rates of forest loss for the region. These baseline forest cover and change estimates along with future updates can contribute to national and sub-national carbon emission baselines and assessments of species threat within the global Red List. 20
INTRODUCTION
The coastal region of East Africa contains highly fragmented habitats that are of global importance in terms of biodiversity (Burgess & Muir, 1994; Burgess & Clarke, 2000; Myers et al., 2000; Brooks et al., 2002; Mittermeier et al., 2004) . Brooks et al. (2002) estimated that the coastal forests and the adjacent Eastern Arc forests contained the smallest remaining area of habitat of any of the 25 hotspots of global biodiversity recognized at that time, and were therefore likely to suffer a high risk of species extinction if there was significant further habitat loss.
Natural 'forest' habitats within the coastal forest region consist of various forms of closedcanopy forest vegetation such as dry forest, scrub forest, Brachystegia forest, riverine forest, groundwater forest, swamp forest, and coastal/afromontane transition forest (Clarke, 2000; Schipper & Burgess, 2003) . These forest habitat patches are typically small and embedded within a matrix of Miombo (Brachystegia) woodland, dense shrub, thicket and expanding areas of agriculture, plantations and human settlement (Burgess & Muir, 1994; Burgess et al., 1998; CEPF, 2003) . The varied nature of habitats leads to the region being termed the ZanzibarInhambane coastal forest mosaic (Schipper & Burgess, 2003) .
In terms of biodiversity, all natural habitat types in the Zanzibar-Inhambane coastal forest mosaic region have high biological importance, with the forest habitats being of particular significance. Overall, the region supports more than 4500 plant species and 1050 plant genera ; of these more than 1300 are endemic plant species and 33 are endemic plant genera. More than 500 of these endemic species are confined to the coastal forest habitats . The region is also biodiversity rich with the following irreplaceable, endemic fauna: 14 bird, 9 mammal, 51 reptile, and 5 amphibian species. The coastal forest region supports a large number of forest-obligate endemics or threatened species with narrow geographic ranges that are often endemic to a single site or forest patch (Burgess, 2000) .
Natural habitat within the coastal mosaic is under considerable threat. This comes from habitat conversion for farmland, timber cutting and charcoal (Burgess et al. 2000a) . Recent improvements in road infrastructure are exacerbating this pressure in South East Tanzania by opening up areas that were previously remote and relatively inaccessible (Prins & Clarke, 2006; Milledge et al., 2007) . Forests that remain are mostly in isolated patches of less than 5 km 2 and cover perhaps as little as five percent of original forest extent during the Holocene (Burgess et al., 2000c) .
Previous estimates of the extent of the remaining coastal forests used two different approaches. The first approach was based on site-specific field surveys of accessible sites and is thus a minimum conservative estimate. The Frontier-Tanzania Coastal Forest Research Programme compiled field surveys for 27 coastal forests in Tanzania and documented biological values, forest extent, conservation issues, recent history and current management status of the forests (Clarke 1995; Clarke & Dickenson, 1995; Clarke & Stubblefield, 1995) . In addition, Burgess et al. (2000c) estimated that there was about 660 km 2 and 700 km 2 of forest habitat in the coastal areas of Kenya and Tanzania respectively, based on a compilation of all survey data from Kenya and Tanzania. The addition of further ground survey data revised the estimates of forest cover to 787 km 2 in Kenya and 692 km 2 in Tanzania . The second set of forest estimates were based on analysis of satellite images, but none of the existing published regional assessments of forest extent cover the entire coastal forest region. Some focus on Tanzania and use older remote sensing data (Rodgers et al., 1985; Sayer et al., 1992) , while others tackle a smaller region using new data; for example the Lindi and Kilwa Districts of South East Tanzania (Prins & Clarke, 2006) . A variety of larger scale remote sensing datasets of land cover have also been developed for East Africa. High resolution, 30 m 2 per pixel, global land cover products include GeoCover LC Global Land Cover Classification (Anderson et al., 1976; Dykstra, 2001) and MacDonald Dettwiler and Associates (MDA) Federal (MDA Federal Inc., 2006) . Both products used global land cover classes that are regarded as too generic for site scale studies. One high resolution regional product, Africover (Kalensky, 1998) , was created from ~1997 Landsat ETM+ data as part of a larger initiative to create a georeferenced database of natural resources for Africa. This product, while based on high-resolution data, was created by digitizing polygons with detailed land use classes that are too difficult to replicate and update to serve as a tool for monitoring change. In addition to these regional studies, forest cover and change estimates can be calculated from global vegetation maps derived from coarser-resolution satellite data (e.g. Anderson et al., 1976; Dykstra, 2001; Friedl et al., 2002; Mayaux et al., 2002; Defourny et al., 2006; Hansen et al., 2008) . However, the resolution of these products, from 250 m 2 to 1 km 2 per pixel, is generally too coarse to reliably estimate change rates for the highly fragmented and diverse forest vegetation of East Africa.
Various studies have demonstrated the utility of Landsat for monitoring habitat cover, including the detection of tropical forest clearing and regrowth (e.g. Skole & Tucker, 1993; Steininger, 1996 , Steininger et al., 2001 Christie et al., 2007; Harper et al., 2007; Oliveira et al., 2007) . Changes in tropical dry forest, although more difficult to detect because of varying deciduousness and understorey, have also been estimated using Landsat for the Cerrado in Brazil (Brannstrom et al., 2008) , the Atlantic forest in Paraguay (Huang et al., 2009) , and the Chaco in Bolivia (Killeen et al., 2007) .
We used Landsat ETM+ imagery with supplemental field surveys and aerial imagery to produce a detailed baseline of forest and woodland cover in the coastal forest region of Tanzania and Kenya and assess changes in habitat cover between ~1990 and ~2000. These habitat baseline and change estimates enable impact assessments of habitat loss for endemic and threatened species, and sites of consequential biodiversity such as Key Biodiversity Areas (KBAs) which are areas determined by the global conservation community as globally important sites for conservation. KBAs are identified using universal standards and quantitative criteria based on species vulnerability and irreplacebility (Eken et al., 2004; Langhammer et al., 2007) . Vulnerability in the context of KBA assessments is defined as the presence of globally threatened species in significant numbers. Irreplacebility, or uniqueness, pertains to the presence of a significant proportion of restricted-range, congregatory, and biome-restricted species (Eken et al., 2004) . The KBA approach is based on that used to identify Important Bird Areas, which has already been done for Kenya and Tanzania (Bennun & Njoroge, 1999; Baker & Baker, 2002) . A similar approach, although with stricter criteria, is applied to identify Alliance for Zero Extinction sites (AZEs). These sites are of highest priority for conservation because they support populations of endangered or critically endangered species threatened by imminent extinction (Eken et al., 2004) .
To assess the threat of habitat change to biodiversity in this region, we examined forest loss in KBAs, AZEs, and both protected and unprotected areas. We focused on forested habitat because the majority of the endemic species in this region are confined to forest, and not to other habitat types (Burgess & Clarke, 2000) . We summarized results of forest cover and change within KBAs, AZEs, protected areas, and administrative districts in the coastal zones of Kenya and Tanzania.
MATERIAL & METHODS
The region of analysis (figure 1) included the Tanzania and Kenya portions of the Northern Zanzibar-Inhambane coastal forest mosaic ecoregion, the northern part of the Southern ZanzibarInhambane coastal forest mosaic ecoregion that stretches into Tanzania, a small part of the Eastern Arc montane forests, and the East Africa Mangroves ecoregion in Tanzania and Kenya (Olson et al., 2001; Burgess et al., 2004a; 2004b) . The islands of Zanzibar and Pemba were excluded because they had too much cloud cover on both dates to provide useful data for analysis. We also excluded the Selous Game Reserve since only a fraction of the reserve overlapped with the study area. We used spatial data for ecoregions (SCHIPPER & BURGESS, 2003) and country boundaries (National Imagery and Mapping Agency, 1997) to delineate the extent of analysis.
The study area extended across 10 Landsat scenes, spanning from 0°42'S to 11°S and 39°30'E to the coast. Landsat tile path/row and image acquisition dates are shown in figure 1. We used orthorectified Landsat images from NASA's Geocover project (Tucker et al., 2004) for the ~1990 and ~2000 periods, as well as additional Landsat imagery purchased to replace cloudy images in the Geocover dataset. Satellite images from ~1990 were already geo-registered as part of the Geocover project. Images from ~2000 were co-registered to the ~1990 data with a second order polynomial transformation to an error within one pixel, or 28.5 meters. Two Landsat images for each tile were stacked into a single, multi-date image pair and both the cover and change classes were mapped directly by classifying the multi-temporal, stacked image in one process with a supervised Maximum Likelihood Classification (MLC). This multi-date image classification technique reduces the misclassification errors resulting from differences in seasonality, illumination, and atmospheric conditions between dates. These errors are associated with the method of post-classification change comparison of two individually classified images dates .
Training polygons for the supervised MLC classification were created from visual interpretation of the Landsat imagery in both dates. Interpretation of land cover from the satellite imagery was assisted by field knowledge of local partners and ground-reference data published in previous studies (i.e. Clarke, 1995; Clarke & Dickenson, 1995; Clarke & Stubblefield, 1995; Wang et al., 2003; Prins & Clarke, 2006; Gereau, 2007; Glenday, 2008; Jackson, 2008) . In areas where image interpretation was difficult (e.g. transitional forest and woodland areas), cross checking was undertaken by studying high resolution (0.5 to 1 m depending on altitude of image acquisition), geo-rectified, digital images from aerial over flight data of southern and central Tanzania captured in May 2006 (WCST, 2006) . The supplemental aerial and ground truth data facilitated image interpretation, thereby increasing the accuracy of the training data and hence of the overall map.
We classified the following land cover types: forest, woodland, mangrove, non-forest/woodland, water, and cloud/cloud shadow from the satellite imagery. The forest class consisted of only primary, mature, closed canopy forest of the following types: semi-evergreen or evergreen coastal dry forest, coastal Brachystegia forest, riverine forest, coastal transitional afromontane forest of the lowland East Usambaras, and humid tropical montane forest of the higher elevation East Usambaras. The woodland class consisted of deciduous Miombo (Brachystegia) woodlands with adjacent, but non-overlapping crowns. Brachystegia woodland has a grass understorey and is considered a fire-climax vegetation type. These distinctions separate Brachystegia woodland from the Brachystegia forest that has a similar composition of tree species although with a dense shrub understorey (Clarke, 2000) . These deciduous woodland areas were easiest to detect with images from different seasons given the notable difference of spectral signatures between the wet and dry seasons. Sparse woodland, shrubs, and grassland, as well as plantations and secondary formations, such as forest regeneration, were assigned to type "non-forest/woodland".
For each paired Landsat scene we mapped the areas on constant land cover between the two dates and the areas of forest or woodland that changed to non-forest/woodland from the first date to the second date. We also mapped transitions of forest and woodland to and from areas obscured by clouds to estimate how much cloud cover was interfering with the habitat cover and change estimates. After several classification iterations, each classified scene was visually inspected for errors and edge matching of adjacent scenes before combining all 10 final scene classifications into a mosaic by retaining the least cloudy data where images overlapped. This mosaic was filtered to smooth the image by clumping contiguous classified groups and then eliminating groups of pixels less than 2 ha in size by recoding these groups to the class of the majority of neighbouring pixels. Plantation forests were digitized manually, based on their geometric patterns and texture observed in the images.
We preformed a map validation using QuickBird images in Google Earth (DigitalGlobe, 2005; Google, 2007) . A 0.1-degree array of points was displayed over the QuickBird images in the Google Earth viewer. Land cover in the QuickBird images was visually interpreted for the area immediately surrounding each point. If the point was surrounded by a land cover patch of 2 ha or larger we labelled the point as either forest, woodland, mangrove, non-forest/woodland, or water as interpreted from the imagery. The interpreted point array was compared with the image classification in a traditional landcover mapping accuracy assessment. We calculated the kappa statistic for overall map accuracy and producers and users accuracy for individual classes. The kappa statistic is an index that compares correctly classified sampling points against the amount of sampling points that might be correctly classified by chance alone (Foody, 1992 ). Producer's accuracy (error of omission) is the confidence that a sampling point from the reference dataset is classified correctly. User's accuracy (error of commission) is the confidence a sampling point from the classified map represents the correct class in the reference dataset (Story & Congalton, 1986) .
In calculating the forest cover and change statistics, we defined "known cover" for ~2000 as observed forest cover plus areas that were cloudy in ~1990 but classified as forest in ~2000. However, "known cover" ~1990 does not include areas that were cloudy in ~2000 because we could not know if these areas had changed to non-forest/woodland. We defined "known change" as the area that was classified as forest in the first date and changed to nonforest/woodland in the second date, i.e. not cloudy in either date. The denominator for calculating change rates, called the "change base", is essentially the area of forest classified in the first date that was not cloudy in the second date. We reported change in both total km 2 over the time period and in % .y -1 to account for varying time periods between different image pairs. We used the equation for calculating annual rates of change from the FAO (1995) to account for the increase in percent change as a forested area shrinks in size over time. The annual rate of forest loss was calculated as
where A 1 and A 2 were forest cover at time 1 and time 2 . The equation was negated to convert the rate of change to rate of loss since negative change is loss.
To assess the influence of clouds obscuring forest in the satellite imagery and therefore skewing the forest cover and change statistics, we calculated a cloud factor value for each reporting unit. This value was calculated as one minus the ratio of observed forest to that of the potential forest covered with clouds. Potential forest in the 1990 imagery was all area obscured by cloud because we have no previous mapped knowledge of possible forest under the clouds. However, potential forest in 2000 excludes areas that were determined not forest in ~1990. Similarly, a cloud factor value for each change estimate was calculated as one minus the forest change base divided by that plus all other areas of possible change that were covered with clouds. Statistics of woodland cover, change, and woodland habitat cloud factor for the entire region were calculated the same as the forest cover and change statistics described above.
We calculated overall "known cover" and "known change" of forest and woodland habitats for the Zanzibar-Inhambane coastal forest mosaic of Tanzania & Kenya, whereas we calculate "known cover" and "known change" for only forest habitat within administrative boundaries, protected areas, KBAs, and AZEs. We did not present statistics for mangroves given the excessive cloudiness of the coastline and our focus on biodiversity values of lowland tropical and dry forests, not mangroves.
Forest cover and changed statistics were calculated for administrative districts, KBAs, AZE's and protected areas using the following spatial datasets. Spatial data on the administrative districts of Kenya were from Kenya Marine and Fisheries Research Institute (KEMFRI) (Ongada et al., 2009) . Only one Kenyan district, Mombasa, was completely contained inside the extent of analysis. We generated statistics based only on the area overlapping the study region and not the entire area of the district. We also reported the percent of the district that overlaps our study area. For the administrative districts of Tanzania we used data from the International Livestock Research Institute (ILRI, 2007) updated by Sokoine University of Agriculture (SUA) in 2008 to include the urban and rural districts of Morogoro, Lindi, and Mtwara. Of the 25 districts in the study region, only 11 were entirely contained inside the extent of analysis. Spatial data for coastal forest KBAs and AZEs used in the analysis were acquired from NatureKenya and WCST and AZEs were provided by World Wildlife Fund (WWF) (Ricketts et al., 2005) . Individual forest reserves, parks or game reserves can be designated as a KBA or AZE and often KBAs and AZEs include a group of forest reserves, parks, or game reserves (e.g. the East Usambaras, Lindi District Coastal Forests). KBAs and AZEs are not always protected areas and in some cases they have partial protection with some forested areas within the KBAs/AZEs designated as protected areas while others are not. Within our study area 18 out of 23 KBAs in Kenya are protected areas and in Tanzania 12 of 20 KBAs are protected, with an additional five that are partially protected. For KBAs with partial protection, we calculated the proportion of area that is protected within the entire site area and presented this number as "percent area protected". Within the coastal forests of Kenya and Tanzania both AZE sites are protected, the Shimba Hills in Kenya and the East Usambara Mountains in Tanzania 
RESULTS
Forested habitat in ~2000 covered 7% (6800 km 2 ) of the Zanzibar-Inhambane coastal forest mosaic region in Tanzania and Kenya, with 28% of the potential forested area obscured by cloud cover (table 1) . Woodland habitat in ~2000 covered 15% (14 645 km 2 ) of the region with 96% of the mapped woodland habitat located in Tanzania. The accuracy assessment preformed for the entire study region for ~2000 resulted in an overall map accuracy of 88% with a kappa statistic of 65%. The producer's accuracy (indicating errors of commission) and user's accuracy (indicating errors of omission) for all mapped land cover classes in ~2000 are shown in table 2.
We estimated only 2250 km 2 of forested habitat in Kenya in ~2000 and these remaining forest habitats were small, isolated patches of forest along the Tana River and areas within 80 km of the coast. Kenya lost 53 km 2 (2.6%) of forest cover at a rate of 0.2%.y -1 over the study period. One area in Kenya that experienced significant forest loss was the North Malindi Brachystegia woodlands, part of the Dakatcha woodlands. This region had 141 km 2 of forest remaining in 2000 after losing forest habitat at the rate of 1.1%.y -1 during the 1990s. The then unprotected Madunguni Forest, adjacent to the Arabuko-Sokoke Forest Reserve's northern border, also had a high rate of forest loss, 2.5%.y -1 during the 1990s, leaving only 3 km 2 forest in 2000. The Kenyan districts with high rates of forest loss included Malindi (0.9%.y -1 ) and Kilifi (0.9%.y -1 ); however Kilifi had 90% of forest loss obscured by clouds as indicated by the cloud factor value (table 3a) . For all of Kenya, clouds obscured 65% of the imagery for 1990, 50% of potential forested area in 2000, and 75% of potential areas for forest loss between those two dates. Clouds were less of a problem for estimating forest cover in Tanzania, however, clouds still obscured 24% of potential forest in 1990, 10% of potential forested area in 2000, and 28% of the potential areas for forest loss between 1990 and 2000. Tanzania had 4565 km 2 of forest habitat remaining in ~2000 after losing 372 km 2 (7.5%) at a rate of 0.8%.y -1 since 1990. The largest loss of forested area in the entire study region happened in the Pwani and Mtwara regions of Tanzania. Forest loss rates of Tanzanian districts with greater than 100 km 2 of forest in 1990, high rates of forest loss, and low cloud factor values were Mtwara Rural (3.8%.y -1 ), Lindi Rural (1.8%.y -1 ), Mkulanga (1.6%.y -1 ), and Kisarawe (1.2%.y -1 ) (table 3b) . Protected areas covered 23% of known forested habitat for the entire coastal forest region in ~2000 with 30% of Kenya's forest habitat protected and 23% of Tanzania's forest habitat protected. Forest loss inside protected areas in the Zanzibar-Inhambane coastal forest mosaic region was 8 times slower than the rate outside protected areas. The forest loss within all protected areas was 1.1 % (16 km 2 ) at a rate of 0.1%.y -1 over the study period. This is in contrast to forest loss of 7.5% (408 km 2 ) at a rate of 0.8%.y -1 for all forest outside these protected lands. Fortunately, protected areas in Kenya experienced little to no observed loss of forest cover between ~1990 and ~2000 (table 4a). In Kenya, the rate of forest loss within protected areas was 0.01%.y -1 , a rate 19 times slower than the rate for unprotected areas. The rate of forest loss for protected areas in Tanzania was higher than in Kenya at a rate of 0.2%.y -1 . This rate was 5.5 times slower than forest loss in Tanzania's unprotected areas. Forest cover and loss within Tanzania's protected areas were reported for those sites with greater than 1 km 2 of forest habitat in 1990 in 
DISCUSSION
Our results showed that the forest area in the Eastern African Coastal Forests has declined, and that the rate of decline is significant. Rates of forest loss within protected areas were lower than in unprotected forest areas, which means that protected areas will become increasingly important as areas for species conservation while habitat is lost elsewhere. Most KBA and all AZE sites are also fully protected areas, and the AZE sites combined had the lowest rate of forest loss compared to KBAs and protected areas. Tanzania's protected areas had a higher rate of forest loss compared to Kenya's protected areas, however, the excessive cloudiness in both dates of imagery for Kenya may have prevented the detection of changes in forest cover. Furthermore, Kenya has much less coastal forest remaining compared to Tanzania and might have experienced higher rates of forest loss before 1990.
As forest loss continues across the coastal forests, those species confined to forest habitats, including the majority of the endemic species (Burgess et al., 1998; Burgess & Clarke, 2000) , will decline in range and population over time. For endemic and near-endemic mammal species, the most important coastal forest areas for conservation in our study area are ArabukoSokoke, East Usambaras, South Gendagenda, Pugu Hills, Tana River, and Rondo (Burgess et al., 2000b) . Our results showed little degradation of forest in Arabuko Sokoke, Gendangenda, Rondo; however we did report forest loss in the East Usambaras, and high rates of forest loss in Pugu forest.
In terms of endemic birds, the Clarke's Weaver Ploceus golandi (Clarke, 1913 ) is one of the most highly threatened species in the coastal forests . It is confined to South East Kenya, especially in Arabuko-Sokoke Forest and lowland Brachystegia habitats in the Dakatcha woodlands KBA (see inset, map 2 in figure 2). While our results showed little forest loss in the Abruko-Sokoko KBA, Bennun & Njoroge (1999) reported significant clearing of woodland in the Dakatcha hills for pineapple farming and nearby woodland were under threat from the collection of timber for fuel wood and carving-timber.
Another important area for biodiversity conservation is the lowland East Usambara Mountains. While overall forest loss within this AZE was low, some forested areas in the East Usambaras experienced relatively high rates of forest loss from ~1990 to ~2000. Any detected loss of forest is worrying, given the high degree of endemism for reptiles, amphibians and plant species in this area (Iversen, 1991; Johansson et al., 1998; Burgess et al., 2007; 2000b) . Previous forest loss in the northern reserves of the East Usambara Mountains KBA resulted from both legal and illegal cultivation of tea, cardamom spice and subsistence agriculture as well as logging for timber (Rodgers & Homewood, 1982) . The Bombo East reserves I & II, which had the highest rates of forest loss in the East Usambara Mountain reserves, are threatened by fire and selective logging, raising concerns over the conservation of the endemic and near endemic forest dependent species (Staddon et al., 2002a; 2002b) .
The KBA and AZE sites we analyzed are defined by the presence of threatened species and therefore the completeness and accuracy of the Red List has influenced the results we present and discuss here. For this region the plant Red Listing process is known to be incomplete and somewhat inaccurate. For reptiles, almost no Red Listing has been attempted for the species confined to the region, and this is also the case for other taxonomic groups. As such the list of KBA sites is likely to change in the future as further Red List assessments become available; this will change the distribution of the KBA sites in the area, and hence change the relevance of the results presented here.
The accuracy of results from this study, as in any study using optical satellite images for land cover mapping, are influenced by the cloudiness of a region, the separability of land cover types, and limitations in detecting changes in the canopy understorey or canopy thinning. Unfortunately, coastal East Africa is persistently cloudy and this was reflected in the cloud factor values for forest observations in the satellite imagery. These values were extremely high for Kenya in general due to excessive cloudiness along the Kenya coast. Tanzania had much lower cloud factor values with the exception of the coastal Dar es Salaam region and northern Pwani Coast region. Another regional challenge in producing a classified map product from remotely sensed imagery is defining vegetation classes in a complex, transitional landscape. Map classifications of this area are difficult to produce and to compare with other map products because closed forest transitions to woodland and then bushland and grassland in a gradient. Furthermore, changes in habitat are relatively easy to monitor when there is forest clear cutting. However, selective timber logging only thins the forest canopy and is therefore more difficult to detect with optical imagery and usually requires sub-pixel analysis of images every 6 to 12 months (e.g. Asner et al., 2005) . In the 1990s, timber trade emerged as a thriving export industry in Southern Tanzania, particularly in the Rufiji, Kilwa, and Liwale Districts and in the last decade there has been a substantial increase in illegal logging activity leading to unsustainable rates of timber harvesting from the forests and woodlands of southern Tanzania (Milledge et al., 2007) . Our results of habitat change from ~1990 to ~2000 might not capture the initial canopy thinning from selective logging, however as selective logging causes further habitat degradation, these changes will be detected with our methodology. An additional update of habitat baselines would better reflect the habitat destruction now that coastal Tanzania has endured the brunt of selective and illegal logging.
Our accuracy assessment reflected the reliability of our results and revealed the confusion between classes that resulted from separating land cover classes in a transitional landscape. While our overall map accuracy was high, the kappa statistic for our accuracy assessment was relatively low. The small number of classes might attribute to this low kappa value since having fewer classes increases the likelihood of a pixel being classified purely by chance. The accuracy among classes was highest for the non-forest class, a reflection of the ease of interpreting non-forest in the imagery and because 82% of the study region is non-forest, resulting in more sampling points. The majority of omission errors occurred where non-forest was classified as forest or woodland, according to our visual interpretation of QuickBird images. Some of these errors may be due to land cover change between 2000 and 2005 since our classified map is based on ~2000 satellite imagery, whereas the QuickBird imagery is more recent, ~2005. However, this is unlikely a large factor given the estimated 0.6 %.y -1 forest loss rate. The woodland class had the lowest accuracy, mostly because of confusion with nonforest. Accuracy of the forest class also suffered errors of commission where woodland was miss-classified as forest. Much of the error of commission for the forest class, 42% of it, was from inclusion of woodland into the forest class.
We have compared our forest statistics with other regional studies that estimate forest area in the coastal forests to gauge the reliability of our results. Prins & Clarke (2006) used Landsat ETM satellite imagery at 28.5 m resolution to derive forest estimates for the Lindi and Kilwa districts of southern Tanzania and found that only 1159 km 2 of dry, scrub and Brachystegia Coastal forest remained in 2000/2001. This is close to our estimate of 1091 km 2 of forest in 2000 within the same districts, however, we only estimated forest cover for the ZanzibarInhambane geographic region in these districts, and this region only covers half of the Kilwa district while encompassing most of the Lindi District. For areas inside forest reserves (i.e. Kitope, Matapwa, Mitarure, Nampekeso, Nandimba) in the districts, our estimated forest cover was 41% less than Prins & Clarke (2006) . The discrepancy between estimations could arise from different interpretations of a certain difficult-to-classify woody vegetation dominated by Brachystegia trees which is a prominent forest type in this area. This Brachystegia forest had been described with several names from transitional woodland, deciduous forest and Brachystegia thicket and it is even difficult to characterize in the field (Clarke, 2002) . In general, transitional vegetation types make map classification of this area difficult to produce and to compare with other map products.
Our ~1990 forest cover results were only 18 km 2 lower (12% less) than the estimates derived from field research in four reserves by the Frontier-Tanzania Coastal Forest Research Programme between 1989 -1994 (Clarke 1995 Clarke & Dickenson, 1995; Clarke & Stubblefield, 1995) . Given the difference in study dates, this change may be due to forest loss or intense forest degradation over time. Our estimate of ~2000 Tanzania coastal forest cover in 24 reserves is somewhat different, and is 189 km 2 higher than the previous total estimate of same reserves from Burgess et al. (2000a) . Parks and reserves with very similar estimates (within 3 km 2 or 3% of forested area) compared to Burgess et al. (2000a) included Kwamgumi, Manga, Mchungu, Mlungui and Semdoe.
Our estimates of the area of forest in Kenyan reserves were mostly lower than those in previous studies. This is most likely due to the heavy cloud cover in our satellite images. For example, the Lunghi KBA is reported by Burgess et al. (2000a) to have 80 km 2 of forest, but we estimated only 17 km 2 of forest. However, for our analysis 76% of this area was obscured by clouds in ~2000. We were unable to report results for the lower Tana River forests due to excessive cloud cover. However, a recent estimate of forest cover along the lower Tana River in Kenya by Moinde-Fockler et al. (2007) revealed that only 36 km 2 forest remain in 2000 with 15 km 2 of forest left inside the Tana River National Primate Reserve. For the Kenyan reserves with cloud factors less than 30%, our estimates for forest cover were within 1 km 2 of estimates from Burgess et al. (2000a) for nine reserves. In addition, the forest estimates for Mrima Hill Forest (KBA), Kaya Bore and Dodori (KBA) were within 3% in both studies.
We grossly overestimated forested area in the Witu Reserve (KBA), Shimba Hills NR/FR (AZE) and Boni Nature Reserve (KBA) when compared to estimates by Burgess et al. (2000a) . Much of what we classified as forest in the Boni, Dodori, and Lunghi reserves is actually dense, semi-evergreen woodland and scrubland on the ground (Q. Luke, pers. comm.; Robertson & Luke, 1993) . Therefore, most forest and any forest change analysis for this region were probably inaccurate and should have been classified as a type nonforest/woodland. We did not make any changes to the results of this study based on this discovery, and the overall forest loss results are not affected because there was almost no forest change detected in these KBAs. Recoding these areas from forest to nonforest/woodland would reduce the overall forest cover by 48 km 2 , which would result in a 2% reduction of the ~2000 forest cover estimate for Kenya and a change of less than 1% for the entire region. These errors stress how discrepancies between comparative studies of forest cover classification often stem from differences in the definition of a forest cover class or from the interpretation of the satellite imagery. Therefore, monitoring forest cover over time is challenging in this region.
Our estimate of the rate of forest loss from ~1990 to ~2000 in the coastal forests of Kenya and Tanzania is 0.6 %.y -1 . This rate is higher than that calculated for the adjacent Eastern Arc Mountains, estimated using the same methodology, which revealed an 11% reduction in forested area between ~1970 to ~2000, from which we calculated an annual rate of loss of 0.4%.y -1 over the 30-year period. However, 95% of the original ~1970 forested area was lost between 1970 and 1990 and mostly for agriculture. Between ~1990 and ~2000, the remaining 5% was mostly lost for timber extraction, a practice that is less detectable by remote sensing (Forestry and Beekeeping Division, 2006; Burgess et al., 2007) . To compare these decadal changes to our 1990-2000 coastal forest rates, we estimated a comparable annual rate of forest loss of 0.5%.y -1 for the first two decades of the Eastern Arc study period and a much lower rate of 0.1 %.y -1 for the 1990s.
CONCLUSION
Coastal Tanzania and Kenya have a long history of forest loss and fragmentation that continued during the 1990s. The rate of loss over the study area is within the range found among many other tropical forest countries and close to the global average rate of loss for tropical forests (Hansen et al., 2008) . The significantly lower rate inside protected areas is in agreement with findings from studies in other countries (e.g. Christie et al., 2007; Harper et al., 2007) . However, some protected areas did experience significant forest loss, and the causes of this should be explored as forest habitat supports the majority of the thousands of the species narrowly endemic to this region. In addition, several un-protected KBAs experienced significant forest loss, such as Marafa and Lindi District Coastal Forests. Whether these KBAs and protected areas have continued to experience forest loss since 2000 should be determined. The forest loss threat to these sites should be taken into account when assessing resources needed to manage protected areas and when prioritizing the creation of new protected areas. This study forms a baseline from which regular monitoring can continue using a consistent data source. The data produced from monitoring not only provides information on the level of threat of particular sites from forest loss, but can also feed into important assessments at the national level. For example, Red List assessments of sets of species can be improved by using the more-precise data on habitat cover and change that result from such studies, e.g. Buchanan et al. (2007) and Hall et al. (2009) , and historical forest loss trends are the main input into sitelevel or national-level emission baselines required for projects seeking to reduce emissions from deforestation and degradation (REDD).
